In this paper, we present an experimental study for the classification of perceived human stress using non-invasive physiological signals. These include electroencephalography (EEG), galvanic skin response (GSR), and photoplethysmography (PPG). We conducted experiments consisting of steps including data acquisition, feature extraction, and perceived human stress classification. The physiological data of 28 participants are acquired in an open eye condition for a duration of three minutes. Four different features are extracted in time domain from EEG, GSR and PPG signals and classification is performed using multiple classifiers including support vector machine, the Naive Bayes, and multi-layer perceptron (MLP). The best classification accuracy of 75% is achieved by using MLP classifier. Our experimental results have shown that our proposed scheme outperforms existing perceived stress classification methods, where no stress inducers are used.
I. INTRODUCTION
Human stress is a common problem effecting day to day life of a major part of our society. It is also the cause of many chronic diseases. According to a report of American Psychological Association (APA) in 2014, a large population in the United States of America experienced different kinds of physical and psychological symptoms, which were mainly caused by stress [1] . These included headache, fatigue, lack of clarity in work, and upset stomach. Human stress has been categorized into either acute (instantaneous) or chronic (long-term or perceived). Chronic stress occurs due to events occurring for a relatively longer duration of time in the recent past. It is an established fact that chronic stress acts as a catalyst in the onset of different diseases [2] . The quality of life is degraded due to these factors causing a reduction in work efficiency of individuals. Various diverse reasons for stress were identified in the APA report such as bad relationship, workplace pressure and economic crises to name a few. Stress for a longer duration of time results in an increased probability of the occurrence of diseases such as heart attack and depression [3] . Therefore, it is important to develop a reliable system, which is capable of detecting human stress.
Human stress has been measured in a number of ways (subjective and objective) over the past years. Subjective measures includes questionnaires which are developed by psychologists, such as perceived stress scale (PSS) [4] and state-trait anxiety inventory (STAI) [5] . These methods are self reporting measures, which are prone to failure in cases, where an individual answers the questions incorrectly. In these situations, objective methods (physical as well as physiological measures) could be useful. Physical measure for detecting stress could include facial expressions [6] and eye blink rate [7] . Whereas, common physiological measures include electroencephalography (EEG) [8] , heart rate (HR), heart rate variability (HRV) [9] , galvanic skin response (GSR) [10] , and photoplethysmography (PPG) [11] . In literature, different types of physiological human stress measurement methods have been developed. Most of these methods are for the measurement of acute stress, which is commonly induced by the use of standard stressors such as the stroop color and word test [12] , trier social stress test (TSST) [13] , and mental arithmetic tasks [14] . On the other hand, only a few studies are available, which have measured or classified chronic stress in humans [15] , [16] , [17] .
In [15] , a study to establish a relationship between the perceived stress and the brain activity of the participants was presented. The authors concluded that individuals with high perceived stress have an increased level of beta activity in the brain. A regression analysis was presented to predict PSS score of an individual with a confidence level of 94% using beta activity of the recorded EEG data in closed eye condition [16] . It was shown that energy spectral density in the right and left hemisphere of the brain of an stressed individual is significantly different from a nonstressed individual [17] . An alpha asymmetry based study to find the relationship between stress and EEG was performed in [18] . The study reported that individuals with a low level of chronic stress have a dominant left hemisphere, whereas high chronic stress subjects have a dominantly active right hemisphere of the brain. In [19] , a correlation based analysis was performed and it was reported that high PSS score individuals have negative alpha and beta activity ratio and vice versa. In [20] , it was reported that a subject with high PSS score have an increased beta and theta activity in post stimuli phase. In [10] , a GSR based study for measuring chronic stress of an individual was presented. The GSR data of the participants was recorded in three different states i.e., sitting, standing and sleeping. Human stress was classified to two classes using supervised machine learning algorithms. A PPG based human stress measurement method was presented in [11] . The experimental study induced stress using the paced auditory serial addition test (PASAT). Discrete wavelet transform (DWT) coefficient were extracted from the observed data and adaboost ensemble classifier was used for stress classification. Most physiological signals based human stress studies available in literature have focused on acute stress, whereas very few experimental methods are available for measuring chronic stress. There are a few studies that have used a single source of physiological signal to establish a relationship between PSS score and the signal used. To the best of our knowledge, no study to classify chronic stress using a combination of EEG, GSR and PPG signal has been conducted so far. In this study, a PSS questionnaire was filled by the participants. They were labeled into stressed and non-stressed groups based on their PSS score. Physiological signals of the participants were acquired after the filling of questionnaires. Four feature groups were extracted from the acquired physiological data and classification was performed using SVM, NB and MLP classifiers. The rest of the paper is organized as follows. Section II presents the experimental setup used to classify the stress level. In Section III, a discussion of the results is presented, followed by conclusion in Section IV.
II. METHODOLOGY AND EXPERIMENTAL SETUP
Our proposed methodology ( Fig. 1 ) consist of three steps i.e., physiological data acquisition, feature extraction and classification. The details of each step are described in following subsections.
A. Data Acquisition
A total of 28 subjects (13 males and 15 females) with age ranging from 18 to 40 years participated in the experiment. The Institutions Ethical Review Board approved all experimental procedures involving human subjects. None of the participants have reported any mental or physical disabilities. The subjects were initially instructed regarding the experimental procedure, following which the PSS questionnaire was filled by each participant. PSS is a questionnaire developed by psychologists to assess the level of chronic stress faced by an individual. The questionnaire consists of ten questions which can be answered on a numerical scale from 0 to 4, where 0 means the event never occurred and 4 means that the event occurred very frequently in the last 30 days. The total PSS score of a subject could range from 0 to 40. A score of 0 means there was no perceived stress and a score of 40 suggests a high level of perceived stress.
The EEG, GSR and PPG data for each participant was acquired after filling the questionnaire. EEG data was recorded by using a four channel Interaxon MUSE headband, which is an easy to wear EEG device. The EEG electrodes are located at T P 9, AF 7, AF 8, and T P 10 positions. The GSR and PPG data was recorded using a Shimmer GSR+ module and a PPG optical pulse clip. The GSR sensor was placed on the index finger and PPG optical pulse clip was placed on the left ear lobe. The sampling rate of EEG headband and GSR+ module was 256 Hz. The data were acquired for a duration of three minutes with participants sitting in an open eye condition on a relaxed chair in a relatively noise free environment with good lighting condition.
B. Feature Extraction
A total of four time domain features (kurtosis, entropy, standard deviation to mean absolute ratio, and variance) were extracted from the acquired EEG, GSR and PPG signals. The detail of these features are as follows, Kurtosis: Kurtosis is a statistical measure used to describe the distribution of data. It is the ratio of the fourth moment and the second moment squared and was calculated as,
where X i is the i th value of the vector X and n is the number of observations. Entropy: Entropy is a statistical measure of the randomness of the variable X, which was calculated as,
where P (x i ) is the probability mass function of the random variable X. Standard Deviation to Mean Absolute Ratio: Standard deviation to mean absolute ratio for the data of each EEG channel as well as GSR and PPG data was calculated as,
where σ i is the standard deviation and µ i is the mean of EEG, GSR or PPG data and the value of i can be T P 9, AF 7, AF 8 or T P 10 for EEG data.
Variance: Variance of the data for each channel of EEG, GSR and PPG was calculated as,
where σ 2 is the variance, X i is the i th value of the vector, µ i is the mean of the vector i. A total of six feature values were calculated. This included one value for each of the four EEG channels (AF7, AF8, TP9, and TP10). A feature vector of length 1 × 24 was obtained with one value for both GSR and PPG data calculated for each feature group (kurtosis, entropy, devation to mean absolute ratio, and variance). Feature selection was applied to the extracted feature using the wrapper method [21] . The boxplot of the feature values from four feature groups for non-stressed and stresses classes are shown in Fig. It is evident that these four feature groups are significantly different for both the stressed and non-stressed groups, therefore used in this study. 
C. Classification
Three classifiers were used to perform a binary classification of chronic stress using the EEG, GSR and PPG signals as described in the following sub-sections. Support Vector Machine (SVM): In SVM, the data points are placed in an n-dimensional space and the algorithm finds a hyper plane that separate the data points into two classes. The SVM is an iterative algorithm, which only terminates when a specified minimum error value is achieved. The points near the hyper plane are termed as support vectors. Naive Bayes (NB): The Naive Bayes is a classification algorithm based on Bayes theorem with an assumption of independence among features. The algorithm works for both binary and multi-class classification problems and for continuous and categorical data. Despite its simplicity, it often outperforms other more sophisticated classifiers. Multilayer Perceptron (MLP): MLP (artificial neural network (ANN)) can be viewed as a logistic regression based classifier, which transforms the input using a non-linear transformation. The input data becomes separable as a result of this transformation. The model is trained on a set of input-output pairs to develop a correlation between them by adjusting the weights in order to minimize the error function.
III. EXPERIMENTAL RESULTS
The perceived stress was classified using a combination of EEG, GSR, and PPG signals. Muse monitor application was used for EEG data acquisition from Muse headband. The GSR and PPG data was recorded using Shimmer Capture (v0.6). The subjects with a PSS score ranging from 0 − 20 were labeled as non-stressed, whereas the participants with a score greater than 20 were labeled as stressed. This labeled data was used for the purpose of classifier training. Four groups of time domain features were extracted from the recorded physiological signals and stress was classified into two levels using three different classifiers. We observed that the wrapper based feature selection method reduced the feature vector (24 feature values) to 16 values. The classification experiments were performed on Weka 3.8.3.
A 10-fold cross-validation was applied to evaluate the classifier performance in terms of accuracy, precision, recall and F-measure. A three layer network was used for MLP and for SVM polynomial kernel was used. Fig. 3 shows the average accuracy of different classifiers used to classify stress. It is evident that MLP classifier gave the highest accuracy of 75%, whereas the lowest accuracy of 42.85% was achieved by NB. The SVM classifier achieved an accuracy of 50%. A performance comparison in terms of precision, recall, and F-measure is presented in Fig. 4 . We observe that MLP classifier was better in terms of Fmeasure, precision and recall as compared to both SVM and NB in stress classification. It can be seen that MLP is able to correctly classify 12 out of 16 stressed users and 9 out of 12 non-stressed users (TABLE I) .
TABLE II presents the performance comparison of the proposed algorithm with recent methods available in literature for the classification of human perceived stress. We observed that only a few studies are available for the quantification of perceived stress. The proposed scheme was compared in terms of number of participants in the experiment, modality, and accuracy. Although, the number of participants in [16] , [15] and the proposed scheme is similar (28) but in earlier studies only EEG was used for the classification of perceived stress. Whereas, in our proposed scheme a combination of EEG, GSR and PPG signal was used. Perceived stress classification accuracy, for only GSR and only PPG features, was 35.71% and 64.28%, respectively. A classification accuracy of 71.4% was achieved when only EEG was used for classification. Whereas, the combination of EEG, GSR and PPG in our proposed method increased the classification accuracy to 75%. These results would contribute in the development of a wearable solution for observing long term stress in real life situations. This could ultimately lead towards a brain computer interface based system for effective stress management in daily life.
IV. CONCLUSION
In this paper, an experimental study to classify perceived human stress using a combination of EEG, GSR and PPG signals was presented. Four groups of time domain features namely, entropy, kurtosis, standard deviation to mean absolute ratio and variance were extracted from the EEG, GSR and PPG data recorded in an open eye condition. Three different machine learning algorithms were used to classify the perceived stress and it is concluded that MLP classifier gives the best classification performance as compared to other classifiers with an accuracy of 75%, which was higher than the accuracy achieved by only using the EEG data. In future, we intend to use frequency domain features of EEG along with PPG and GSR data to increase the classification accuracy of the algorithm.
